Accumulating evidence across species indicates that brain oscillations are superimposed 16 upon an aperiodic 1/# -like power spectrum. Maturational changes in neuronal oscillations 17 have not been assessed in tandem with this underlying aperiodic spectrum. The current study 18 uncovers co-maturation of the aperiodic component alongside the periodic components 19 (oscillations) in spontaneous magnetoencephalography (MEG) data. Beamformer-20 reconstructed MEG time-series allowed a direct comparison of power in the source domain 21 between 24 children (8.0 ± 2.5 years, 17 males) and 24 adults (40.6 ± 17.4 years, 16 males). 22
Hz; Mackay, 1997 ; note that different studies may differ slightly in establishing the boundaries 37 between frequency bands). There are age-related decreases in total power, which is estimated suggests that the perception of visual stimuli would also improve with age (Thut et al., 2012) . 56
In the sensory motor cortex, mu which is analogous to the alpha band (Mackay, 1997) , and 57 beta oscillations have been found to increase when cortical motor areas are disengaged (Ritter 58 et al., 2009; Jenkinson and Brown, 2011) . Our recent longitudinal MEG study of motor 59 development in children demonstrated linear increases in amplitude and mean frequency in 60 movement-evoked mu and beta oscillations . In studies of 61 developmental resting-state neuronal activity (i.e., in the absence of any specific cognitive 62 event), there are also reports of age-related increases in mu power from infancy to age 5 63 (Berchicci et al., 2011) and age-related increases in beta power between age 9-14 and 20-42 64 (Heinrichs-Graham et al., 2018) . Delta power has been correlated with different stages of 65 sleep (Amzica and Steriade, 1998) , and theta activity has been shown to relate to executive 66 attention and working memory (Wang et al., 2005) . Developmental trends in delta and theta 67 power are less clear, with some studies reporting profound decreases during childhood 68 (Schafer et al., 2014; Gomez et al., 2017) and others reporting no changes between 9 and 11 69 years, followed by decreases into early adulthood (Campbell and Feinberg, 2009 ). There is 70 evidence of increased gamma activity in the initiation and cessation of movement (Gaetz et 
Outstanding Questions

79
Spectral analysis of resting-state MEG/EEG recordings has proven to be a powerful tool for 80 assessing age-related power changes. However, nearly all previous resting-state studies have 81 used the five canonical frequency bands to estimate developmental changes in power. These 82 studies, therefore, are susceptible to methodological challenges. For example, examining 83 power in pre-defined bands can conflate power changes with other parameters, such as 84 oscillation centre frequency and bandwidth (Haller et al., 2018 ). An example is the increase in 85 alpha peak frequency with age, which is considered to be one of the most important 86 electrophysiological hallmarks of brain development (Valdés et al., 1990) . Following historical 87 tradition, nearly every study to date has defined the peak frequency as the frequency with the 88 highest amplitude within the range of the canonical alpha band. Under this constraint, it is 89 impossible to determine whether or not changes in the peak frequency may in fact reflect shifts 90 of the peak frequency outside the canonical alpha band. Similarly, group-level estimates of 91 power in one band may leak into the estimates of power in adjacent bands, given the variability 92 in oscillation centre frequency across individuals (Haegens et al., 2014; Samaha and Postle, 93 2015) and age (Rodriguez-Martinez et al., 2017). But perhaps most importantly, the 94 narrowband estimates of oscillatory activity may be affected by aperiodic components in the 95 signal. Brain activity at many spatiotemporal scales, ranging from neuronal membrane 96 potentials to MEG/EEG signals, exhibits an aperiodic background signal that co-exists with 97 neuronal oscillations (He, 2014) . This aperiodic signal follows a power-law function: % ∝ 1/# ' . 98
Thus, power % is inversely proportional to frequency # with a power-law exponent of (, which 99 is equivalent to the slope of the power spectrum when plotted in the log-log space. The 100 aperiodic 1/# signal is not only prevalent in the nervous system, but it is a ubiquitous feature 101 of a wide variety of time-varying real-world systems, including the flow of the river Nile and the 102 luminosity of stars (Bak et al., 1987) . Historically, the aperiodic 1/# signal has not been as hypothesised that, in contrast to children, adults would show decreased low-frequency power, 138 increased high-frequency power, and an increased alpha peak frequency. 139
Subsequently, we used an automatic parameterising algorithm (Haller et al., 2018) that 140 efficiently disentangles the two features -the slope and the offset -that characterise the 1/# 141 signal, and the three features -the centre frequency, power and bandwidth -that characterise 142 the oscillatory components. Since the automatic parameterising algorithm does not impose 143 band boundaries, this method allows for the assessment of group and individual differences 144 in the centre frequency, power and bandwidth of the oscillations, both in the broadband 145 spectra and in pre-defined narrow bands. With regard to possible age-associated differences 146 in 1/# signal, there exists only one developmental fMRI/EEG study so far, which showed that 147 the 1/# slope was significantly flatter in 17 healthy adults compared to 21 full-term newborns 148 (Fransson et al., 2013) . Based on the limited developmental MEG/EEG evidence regarding 149 the 1/# signal, we hypothesised that differences in the 1/# signal may account to a large 150 extent for observed age-related power differences between children and adults, and that 151 canonical frequency band analyses may confound some band specific power changes with 152
Participants and Ethics Statement
156
This study included 52 human participants (28 children and 24 adults), namely healthy controls 157 that had been recruited in a larg project on stuttering. Data from 4 children were excluded from 158 the analysis due to excessive head movement (> 5 mm), incidental system noise or signs of 159 drowsiness throughout the recording. Drowsiness was monitored online through a video-160 camera so that any affected data would be removed from further analysis. Child participants 161 were accompanied by an experienced researcher who sat with them during the whole session 162 to make sure they remained comfortable, and who monitored and encouraged their Butterworth filters with DC removal and segmented into epochs of 4096 samples (= 4.096 206 seconds). The data were visually inspected by WH, and epochs that contained oculographic, 207 myographic, and system/environmental artefacts (e.g., squid jumps) were removed. The first 208 and last epochs were also excluded from the analysis. A mean of 23.8 ± 3.02 artefact-free 209 epochs of 4.096 s data in children (15-28 epochs) and 40.0 ± 0.02 artefact-free epochs in 210 adults (39-40 epochs) were selected for subsequent source modelling. There were age-211 related differences in the number of clean trials between children and adults (t (46) = 26.31, p 212 < 0.01; two-sample t-test using the ttest2 function in MATLAB, version R2017b), as expected 213
and was inevitable due to the fact that more trials were removed from younger participants 214 because of movement. However, it has been shown in previous simulations that beamformer 215 performance plateaus before the lower limit of ~80 seconds of data that was used for our Power spectral density (PSD) was estimated for each participant, ROI and artefact-free 248 epochs separately using Welch's method (Welch, 1967) implemented in MATLAB 2017b, with 249 50% overlap and a Hamming window of 3s (resulting in a spectral resolution of 0.24 Hz). A 250 single PSD for each participant was obtained by averaging the PSDs across all epochs and 251
ROIs. 252
A conventional spectral analysis was carried out by calculating the absolute power from the 253 raw power spectrum in five canonical frequency bands (delta: 1-4 Hz, theta: 4-8 Hz, alpha: 254 8-13 Hz, beta: 13-30 Hz, and low gamma: 30-48 Hz). The frequency at which each participant 255 reached the peak amplitude was calculated within the 5-13 Hz band for children and the 8-13 256
Hz band for adults using an automated local maxima algorithm (MATLAB function findpeaks). 257
The lower frequency boundary was used for children in order to account for reduced alpha 258 peak frequencies in young children when compared to adults (Klimesch, 1999 The aperiodic signal is fitted, after which the aperiodic fit is subtracted from the power 271 spectrum, creating a flattened (or aperiodic-adjusted) spectrum, wherein peaks were 272 iteratively fitted by Gaussians modelled as: 273
where 3 is the amplitude, ; is the centre frequency, ? is the bandwidth of the Gaussian -, and 275
: is the vector of input frequencies. where @ is the broadband offset, ( is the slope, and D is the "knee" parameter, which indicates 282 where the "bend" occurs in the 1/# component. In the current case of non-invasive MEG 283 recordings, no knee was expected across the frequency range studied (Miller et al., 2009) . 284
The We used 50,000 permutations of group membership to empirically approximate the distribution 300 for the null hypothesis (i.e., no difference between groups) for each contrast. quantify the effect size, and to facilitate the interpretation of evidence for or against the null 307 hypothesis when comparing to the alternative hypothesis. For the alternative hypotheses of 308 measures being larger in adults than children and vice versa, a "unit information prior" was 309 assumed with a default Cauchy prior with a scale parameter of 0.707 (Jeffreys, 1998) . 310
Bayesian correlation analyses, which allows inferences on the absence of a correlation 311 between variables to be made, were also conducted in JASP. For testing the correlations, a 312 prespecified alternative hypothesis with a flat beta prior width of 1 centred around K = 0 was 313 used for a null hypothesis (K = 0). An illustration of the effects of assigning a range of different 314 prior distributions (i.e., a Bayes factor robustness check) was conducted for all Bayesian tests. evidence in favour of the alternative hypothesis, and BF < 1/3 and < 1/10 for substantial and 317 strong evidence for the null hypothesis (Raftery, 1995; Jeffreys, 1998) . BFs that fell in-between 318 1/3 and 3 were taken as insufficient evidence for either hypothesis (Jeffreys, 1998; Dienes, 319 2014) . 320 Figure 4A demonstrates that 95.83% of children and 58.33% 365 of adults exhibited oscillatory peaks that fall within the alpha range, whereas only 4.17% 366 children but 41.63% adults had a peak oscillation in the beta band. This suggests that more 367 adults had oscillatory peaks outside of the canonical 8-13 Hz alpha range. Permutation 368 comparisons showed that for the peak oscillation the centre frequency was significantly higher 369 in adults compared to children ( Figure 4B ; adults = 13.52 ± 4.86, children = 10.25 ± 3.97, t(46) 370 = 2.55, p = 0.01; BF = 7.36, 95% CI = [0.13, 1.21]), and the bandwidth was significantly larger 371 in adults than in children ( Figure 4D ; adults = 3.63 ± 3.35, children = 1.80 ± 1.13, t(46) = 2.53, 372 p = 0.01; BF = 7.07, 95% CI = [0.12, 1.2]). 373
Raw Power Spectra With a priori Defined Frequency Bands
In order to make a valid comparison between parameterised oscillatory components and 374 canonical narrowband analysis, the centre frequency, power, and bandwidth of the highest 375 oscillatory component were also extracted independently for the alpha and beta bands from 376 all individuals ( Figure 5A ). Figure 5B&E Martinez et al., 2017). By applying conventional methods, we were able to replicate these 478 findings. However, none of these findings remained significant once careful adjudication 479 between aperiodic 1/# and oscillatory components was carried out using power spectra 480 parameterisation (Haller et al., 2018) . 481
Correlation between Age and Peak Oscillatory Components
Interestingly, the peak frequency in the flattened spectra was found to correlate positively with 482 age in the child participants only, but the peak frequency showed no differences between age 483 groups ( Figure 2B) , and neither did the aperiodic-adjusted power or frequency bandwidth in 484 the alpha band ( Figure 5C&D ). These findings contrast with significant age differences found 485 in the alpha band when not accounting for the aperiodic 1/# signal, and suggest that the 486 magnitude of these changes could be heavily conflated by the aperiodic 1/# signal in the raw 487 power spectrum. This is further supported by the significant correlation that was identified 488 between the 1/# signal (both offset and slope) and age, only in the child participants. These 489 findings invite the conclusion that developmentally-related power decreases in lower 490 frequency bands and peak frequency increases that have been revealed by standard methods 491 are at least partially driven by the flattening of the 1/# component in the broadband spectrum 492 . 493
Flatter Slope Indicates Increase in Neuronal Noise
494
The slope of the 1/# signal was found to be flatter, or less negative, in adults than in children. 495
According to the "Wiener-Khinchin theorem", the power spectrum is equivalent to the Fourier 496 transform of the autocovariance function (He, 2014) . Therefore, a flatter slope in the frequency 497 domain indicates a shorter/weaker autocorrelation in the time domain. Interestingly, the 498 reduction of the autocorrelation in human brain activity has been found to correlate with the 499 increasing demands for more efficient online information processing during cognitive load in 500 working memory tasks (He, 2014; . Indeed, a reduced temporal integration 501 span in brain activity would be expected to reflect the need for enhanced integration of 502 information during brain development. 503
There is also evidence that neuronal spiking statistics are relevant to the 1/# slope (Voytek 504 and Knight, 2015; Gao, 2016) , in that the slope of the aggregated local field potential becomes 505 flatter when a large number of spikes occur asynchronously (Usher et al., 1995; Pozzorini et 506 al., 2013; . This decoupling of neuronal population spiking from an 507 oscillatory regime, which has been broadly defined as "noise", can be driven by increases in 508 the ratio between local excitation/inhibition (Cremer and Zeef, 1987; McIntosh et al., 2010;  synchronisation between pyramidal neurons from the GABAergic neurons has been found to 511 undergo prolonged changes into adolescence (Hashimoto et al., 2009) . 512
The increase of neuronal noise during brain development has also been reported in studies 513 adopting a simplistic method that uses the variability of brain signals as a proxy for neuronal 514 noise. Such efforts have consistently identified increasing variability of both spontaneous and 515 evoked brain activity to correlate with more stable and accurate behaviour during development 516 Rodriguez-Martinez et al., 2017). This finding also corroborates a previous report on the 541 developmental parallelism between the reduction in spectral power and cortical thickness 542 (Whitford et al., 2007) . It is understood that brain development begins with neuronal 543 proliferation and synaptogenesis, followed by synaptic pruning during which synapses are 544 selectively eliminated (Marsh et al., 2008) . Computational work has shown that MEG signals 545 represent spikes and the envelope of membrane de-/hyper-polarisation, predominantly from 546 pyramidal neurons (Murakami and Okada, 2006) . Therefore, one possible mechanism 547 underlying the observed offset decreases is "regressive" cortical organisation due to the loss 548 of grey matter (Giedd et al., 1999; Sowell et al., 2003) . 549
We note here that our interpretation of the reduced 1/# offset needs to be taken with caution. 550 This is because slope and offset of the 1/# signal are highly correlated (Haller et al., 2018) , 551 and thus any change in slope would be accompanied by a change in the offset, regardless of 552 the offset shifts caused by broadband power reductions. Future studies are needed to clarify 553 the extent to which the observed offset differences between age groups were caused over 554 and above those expected from slope shifts. 555 we plan to determine if the current findings can be replicated in larger (longitudinal) data sets, 579 and we will attempt to establish a more fine-tuned cortical representation of the 1/# and 580 oscillatory signals from power spectra parameterisation. We encourage others to collect or 581 reanalyse their resting-state data using the techniques we have employed (e.g., 582
Co-maturing Beta Oscillations during Childhood
https://github.com/fooof-tools/fooof/), as well as other open source tools, to help establish 583 norms of neuronal oscillations and aperiodic signals that are characteristic of healthy brain 584
development. 585
Limitations 586 There are some limitations to the present study. First, although our study provides valuable 587 insights into age-group differences in key measures of neuronal activity, the cross-sectional 588 nature of the study did not permit us to observe longitudinal changes at an individual level. A 589 large longitudinal sample with balanced gender would be expected to replicate the current 590 findings. Second, we assessed age-related differences based on 15 clean trials per participant. 591
This was done to counteract differences in the number of clean trials between the adult and 592 child participants. Data from the younger participants were prone to a greater number of 593 artefacts, such as in-scanner motion. Future study should make use of a more efficient data 594
Age distribution of meg spontaneous theta activity in healthy subjects. Brain Topogr,
